Purpose -The aim of this paper is to develop a bankruptcy prediction model for the Belgian smalland medium-sized enterprises (SMEs) through the building of a logit model that includes a selection of financial ratios. Design/methodology/approach -Using a sample of 7,152 Belgian SMEs among which 3,576 were declared bankrupt between 2002 and 2012, the model, which includes control variables such as firm size and age, aims to test the predictive power of ratios reflecting the financial structure, the profitability, the solvency and the liquidity of firms. Findings -The results report a satisfactory prediction accuracy and show that ratios as profitability and liquidity are excellent predictors of bankruptcy for Belgian SMEs. Research limitations/implications -Although the results seem to be conclusive, it could be noted that the healthy sample was not paired with the bankrupt sample. Other studies show that the use of paired samples makes it possible to increase the already good prediction rate. Also, further research could focus on intra-sectorial analysis.
Introduction
For more than 70 years, business failure has been one of the most discussed topics in the financial literature (Balcaen and Ooghe, 2006) . Business failure matters a lot for many stakeholders: customers, suppliers, creditors and, of course, the firm's workers (Daubie and Meskens, 2001) . Bankruptcy leads, on the one hand, to catastrophic macroeconomic consequences for the overall societal well-being and, on the other hand, to disastrous From this point, some incremental contributions on this topic may be settled to understand the bankruptcy phenomenon. First, previous empirical studies on the subject tend to show that a country-specific prediction model allows developing more accurate bankruptcy predictions than a generic and global one. Second, given the economic and social consequences of bankruptcies, developing a specific bankruptcy prediction model for Belgium by taking the specific characteristics of the country into account allows to fill a gap in the bankruptcy prediction literature.
The originality of this paper lies in its goal: to build a one-year bankruptcy prediction model suitable for Belgian SMEs. To do so, it relies on a sample of 7,152 SMEs, among which 3,576 were declared bankrupt between 2002 and 2012, and on the existing literature to select a range of ratios that differentiate failing firms from healthy ones. A logit model is then constructed to determine the probability of a firm experiencing a failure based on the previous year's finances.
The rest of this paper is organized as followed: Section 2 outlines the theory of bankruptcy, brings key studies together and describes the variables and research hypotheses. Section 3 explains the data and methods and Section 4 presents the empirical results. The last section concludes and discusses our findings.
Literature review
There are four approaches related to the prediction of bankruptcy: the economic approach (Marco, 1989; Guilhot, 2000) , the strategic approach (Laitinen, 1991; Van Caillie and Dighaye, 2002) , the organisational and managerial approach (Argenti, 1976; Daigne, 1984; Cormier et al., 1995) , and the financial approach. This paper is focussed exclusively on the financial approach, as it allows to identify the relevant financial ratios, generally gathered into four families (i.e. liquidity, solvency, profitability and structure), that help to predict bankruptcy in a given time horizon with the use of statistical tools or appropriate mathematics (Beaver, 1966; Altman, 1968; Wilcox, 1973; Collongues, 1977; Dambolena and Khoury, 1980) . The use of this approach is also validated through its importance in the literature and its low use in the prediction of bankruptcy of SMEs, particularly in Belgium. In the past two decades, a few papers have investigated bankruptcy prediction models for SMEs. Altman and Sabato (2007) develop a one-year default prediction model for US SMEs and measure its effectiveness compared to a more generic model. Their results show that the specific model outperforms the more generic ones by 30 per cent. Gordini (2008, 2009) construct two bankruptcy prediction models for Italian SMEs: the first one by implementing discriminant analysis; the second one by resorting to a logit model. Both models show a highly satisfactory prediction accuracy rate, but the authors also show some market improvements in the accuracy of the model when analyses are done separately depending on firm size. Yazdanfar (2011) investigates the main prediction variables of bankruptcy in Sweden by using a logit model and states that the ratio of short-term debts to total assets, total leverage, change in total assets from the previous year, financial expenses to total debt, return on assets and firm size were significant bankruptcy predictors.
As far as the financial approach of failure prediction is concerned, different prediction techniques can be found in the literature. Among them, discriminant analysis and logistic regression are the most used (Ooghe et al., 2005; Balcaen and Ooghe, 2006; Altman and Sabato, 2007; Gordini, 2008, 2009; Yazdanfar, 2011) . Multiple
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Bankruptcy prediction discriminant analysis uses a model made up of a linear combination of variables, whereas the logit model refers to a conditional probability one with the probability of bankruptcy estimated based on a series of firm characteristics. It has been shown that these two techniques are equally efficient (Press and Wilson, 1978; Platt and Platt, 1990; Ooghe and Balcaen, 2002; Ooghe et al., 2005) . However, several authors emphasise the superiority of logistic regression, as it requires less restrictive and simpler statistical assumptions. Furthermore, the logit model allows to integrate non-linear parameters and better fits the characteristics of the failure prediction problem, where the dependent variable is binary, where the groups are discrete and identifiable and with no possibility for a firm to overlap (Ohlson, 1980; McFadden, 1973; Lo, 1986; Aziz et al. 1988; Bell, 1997; Altman and Sabato, 2007) . In general, and regardless of the methods used, authors rely on a combination of financial ratios to predict bankruptcy of firms. Table I lists the main authors who investigate the topic of business failure and the financial ratios they use. Table II has the same purpose, except that it focuses solely on the case of Belgium.
These tables show that, regardless of the model used, the country studied or the period investigated, authors systematically use ratios of profitability, solvency and liquidity, and sometimes ratios of added value or structure.
Therefore, the choice of ratios for this case is justified by their recurrence in the Belgian (Ooghe and Van Wymeersch, 2000) and international literature (Altman, 1968; Taffler, 1982; Frydman et al., 1985) , as well as by their relevance to the problem of failure in Belgian SMEs. The resulting financial health is influenced by the level of added value created by the firm, its structure, profitability, solvency and liquidity. Therefore, our study uses the following ratios.
X 1 -Current ratio
The current ratio is a liquidity ratio that is calculated by dividing current assets by current liabilities. The concept behind this ratio is to ascertain whether a firm has the ability to pay back its short-term liabilities with its short-term assets over the next 12 months. The value of this ratio is a good predictor of the financial health of the firm, which explains why it is widely used for business failure prediction (Mossman et al., 1998) : H1. A higher liquidity ratio decreases the probability of bankruptcy at one year.
X 2 -Earnings before interest and taxes/total assets
This ratio is a profitability ratio that represents the general profitability of the firm's assets. Because a firm's ultimate existence is based on the earning power of its assets, Altman (1984) found that this measure continually outperforms other profitability measures in assessing the risk of corporate failure: H2. A higher profitability ratio decreases the probability of bankruptcy at one year.
X 3 -Equity/total assets
This ratio is a ratio of structure that indicates the relative proportion of equity used to finance a firm's assets. This ratio of debt structure measures the proportion of the total outstanding debt payable in the current year or in the next accounting period against the total assets of the firm. When this ratio increases, the firm's financing is generally less Frydman et al. (1985) USA
1971-1980
Recursive partitioning Cash flow/total debt; cash/total sales; market value of equity/total capitalisation quick assets/total assets; total debt/total assets; log(interest coverage
Global 85 Frydman et al. (1985) USA
Linear discriminant analysis Net income/total assets; current assets/current liabilities; log(total assets); current assets/total assets; market value of equity/total capitalisation; cash flow/total debt; quick assets/total assets; EBIT/ total assets; quick assets/current liabilities; Log(interest coverage ϩ 15) 
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Bankruptcy prediction H3. A higher debt structure ratio decreases the probability of bankruptcy at one year.
X 4 -Fiscal charges/added value
This ratio is an added value ratio that assesses the productivity of the firm by indicating how much added value has been created in comparison to the fiscal charges. This ratio indicates that the share of fiscal charges to added value plays a vital role on the balance of corporate management. As taxes in Belgium are high, it can be assumed that healthy firms (with profit) are more taxed than firms in bankruptcy (usually with negative results) because they are not concerned with the tax burden:
H4. A higher ratio of fiscal charges on added value decreases the probability of bankruptcy at one year.
X 5 -Cash flow/total debt
This ratio is a solvency ratio that measures a firm's ability to meet its debts and other obligations. The cash flow to debt ratio provides an indication of a firm ability to pay its total debt with its yearly cash flow, which is not realistic but which corresponds to the bankruptcy scenario (Van Caillie and Dighaye, 2002) . Indeed, a firm that would not be able to pay its total debt with its yearly cash flow would end up in bankruptcy:
H5. A higher solvency ratio decreases the probability of bankruptcy at one year. • Current ratio (Curr): Measured as the value of the ratio current assets/current liabilities in the last accounting fiscal year before bankruptcy.
Methodology
• Return on operating assets before depreciation (Return): Measured as the value of the ratio Earnings before interests and taxes/total assets in the last accounting fiscal year before bankruptcy.
• Global degree of financial independence (Fin_Indep): Defined as the value of the ratio total equity/total assets in the last accounting fiscal year before bankruptcy.
• Proportion of gross value added allocated to tax expenses (AV_Tax): Measured as the value of the ratio tax expenses/added value in the last accounting fiscal year before bankruptcy.
• Cash flow/total debt (CF_TD): Measured as the value of the ratio cash flow/total debt in the last accounting fiscal year before bankruptcy.
Control variables.
Control variables are also recorded in last accounting fiscal year before bankruptcy. They allow to control for firm-related effects such as the Region of the business, its size (ln(TA)), its age and its activity field. Dummy variables are created for the "Wallonia" and "Brussels" regions; "Flanders" being the base category. The size of the firm is measured using the logarithm of the total assets in the last accounting fiscal year before bankruptcy. The age of the firm is reported in years. Finally, regarding the activity field, dummy variables [agriculture and industries (NACE 1), Production of energy water (NACE 2), Construction (NACE 3), Catering (NACE 4), Intellectual and administrative business activities (NACE 5), public and social activities (NACE 6) and Others (NACE 7)] were created using NACE codes, with Transport (NACE 8) being the basis category.
Estimation
As mentioned above, the bankruptcy phenomenon is not a sudden situation and some authors even define it as a failing "path" (Crutzen and Van Caillie, 2008) . That is, the organizational and financial situations of the firm decline, leading to liquidity and solvency issues and, finally, to bankruptcy (Luoma and Laitinen, 1991) . Considering this gradual degradation of the financial indicators, relying on a logit model that takes this dynamic situation into account seems appropriate. Moreover, using a binary logit model is justified, as the dependent variable of our model, bankruptcy, is dichotomous, as is the case in many studies regarding the occurrence of bankruptcy filing (Ohlson, 1980; Premachandra et al., 2009) . A logit model describes the relationship between a dependent variable that can take the value of 1 (bankrupt firm) or 0 (healthy firm), and k other explanatory qualitative or quantitative variables x 1 ,x 2 , . . ., x k . Because the dependent variable is binary, it follows the Bernoulli distribution, so that P i ϭ P(y i ϭ 1) is the probability of bankruptcy and 1 Ϫ P i is the probability of non-failure. The estimated model requires the endogenous variable to be a linear combination of exogenous variables:
where is the error term and ␤ the vector of coefficients (1) and where:
The probability of non-default (a posteriori) of firm i is given by:
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Similarly, the probability of failure (a posteriori) of firm i is represented by:
The logit model assumes that the errors follow a logistic distribution where the distribution function is:
Therefore, it is possible to calculate the probability of non-default of firm i as follows:
Similarly, the probability of the default of firm i is:
The ␤ coefficients are estimated using the method of maximum likelihood. Table III presents the correlations between the variables included in the model. All correlations are under 0.50, meaning that there are no problems with multicollinearity. Independent variables are also checked for multicollinearity via the analysis of variance inflation factors (VIF). The results reported in Table III show that VIFs are well under the suggested value of 10 with the mean VIF of 1.18, showing no issue of multicollinearity (Neter et al., 1989) . Table IV presents the descriptive statistics for all the variables included in the logit model per category: bankruptcy and healthy groups. Regarding the key explanatory variables, it appears that all the ratios analyzed are better explanatory variables for the non-bankrupt firms. Moreover, Return, Fin_Indep and CF_TD ratios are considerably different for the two subsamples. The results show they are negative for the bankruptcy group and positive for the healthy group. Regarding the control variables, Table IV highlights that healthy firms are older and bigger than the bankrupt group. Differences can also be seen between the two subsamples regarding the activity field. The bankrupt group includes higher proportions of firms in the agricultural and industrial sector and in the construction and catering sector.
Results

Correlations and descriptive statistics
Logit model
The results of the logit regression are presented in Table V .
When comparing the two models, improvements are shown between Models 1 and 2. Indeed, the chi-square value increases from 590.84 for Model 1 to 2,060.37 for Model 2. We also run likelihood ratio tests to evaluate the difference between the models. The Table III Notes: Where Curr is the current ratio; return is the return on operating assets before depreciation; Fin_Indep is the global degree of financial independence; AV_Tax is the proportion of gross value added; CF_TD is the cash flow over the total debt; ln(ta) is the log of total assets; age is the age of the firm; brussels is equal to one if the firm is located in Brussels; wallonia is equal to one if the firm is located in Wallonia; d_agr_ind is equal to one if the firm belongs to the agricultural and industrial sector; d_energy is equal to one if the firm belongs to the production of energy water sector; d_constr is equal to one if the firm belongs to the construction sector; d_catering is equal to one if the firm belongs to the catering sector; d_admin is equal to one if the firm belongs to the intellectual and administrative business activities sector; d_soc is equal to one if the firm belongs to the public and social activities sector; d_other is equal to one if the firm belongs to other sectors
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Bankruptcy prediction Notes: Where Curr is the current ratio; return is the return on operating assets before depreciation; Fin_Indep is the global degree of financial independence; AV_Tax is the proportion of gross value added; CF_TD is the cash flow over the total debt; ln(ta) is the log of total assets; age is the age of the firm; brussels is equal to one if the firm is located in Brussels; wallonia is equal to one if the firm is located in Wallonia; d_agr_ind is equal to one if the firm belongs to the agricultural and industrial sector; d_energy is equal to one if the firm belongs to the production of energy water sector; d_constr is equal to one if the firm belongs to the construction sector; d_catering is equal to one if the firm belongs to the catering sector; d_admin is equal to one if the firm belongs to the intellectual and administrative business activities sector; d_soc is equal to one if the firm belongs to the public and social activities sector; d_other is equal to one if the firm belongs to other sectors results (Table VI) confirm that Model 2 fits the data significantly better than the more restrictive Model 1. Therefore, only the results from Model 2 are discussed. First, the chi-square value is significant and thus reflects a good model specification. Second, regarding the direct effects, H1, H2, H3 and H4 are supported, as higher values for current ratio (Curr), return on operating assets before depreciation (Return), global degree of financial independence (Fin_Indep) and the proportion of gross value added allocated to expenses (AV_Tax) significantly decrease the probability of bankruptcy. The variable cash flow/ Notes: Partially significant at p Ͻ 0.10; * , ** , *** indicate significance at p Ͻ 0.05, 0.01 and 0.001, respectively; the model is estimated on the training group Where Curr is the current ratio; return is the return on operating assets before depreciation; Fin_Indep is the global degree of financial independence; AV_Tax is the proportion of gross value added; CF_TD is the cash flow over the total debt; ln(ta) is the log of total assets; age is the age of the firm; brussels is equal to one if the firm is located in Brussels; wallonia is equal to one if the firm is located in Wallonia; d_agr_ind is equal to one if the firm belongs to the agricultural and industrial sector; d_energy is equal to one if the firm belongs to the production of energy water sector; d_constr is equal to one if the firm belongs to the construction sector; d_catering is equal to one if the firm belongs to the catering sector; d_admin is equal to one if the firm belongs to the intellectual and administrative business activities sector; d_soc is equal to one if the firm belongs to the public and social activities sector; d_other is equal to one if the firm belongs to other sectors 
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Bankruptcy prediction total debt (CF_TD) is not significant; therefore, H5 is not supported. Third, it appears that firms from Wallonia and Brussels are more likely to go bankrupt than those from Flanders. Also, younger and smaller firms are more likely to go bankrupt. Differences can also be seen among the activity fields (Table VII) . The global prediction accuracy of the model, calculated on the control sample, shows that the model correctly classifies more than 80 per cent of the firms into one of the two categories (bankrupt or healthy). This result appears to be robust in comparison with others studies made in Belgium using the logit model (72.4 per cent for Gaeremynck and Willekens, 2003 ; 83 per cent for Dewaelheyns and Van Hulle, 2004) . Moreover, if we consider the bankrupt group only, the model correctly classifies about 83 per cent of the firms.
Discussion and conclusion
Given the increasing number of SMEs in Belgium, the specific characteristics of the country in terms of political decision-making, the institutional differences between regions and the current uncertain economic circumstances, bankruptcy prediction seems to be a necessity for the country. However, the existing literature historically focuses on generic bankruptcy prediction, used for larger firms, instead of focusing on smaller, country-specific ones Van Caillie, 2007, 2010) . Over the past few years, only a few papers investigated that way (Altman and Sabato, 2007; Gordini, 2008, 2009; Yazdanfar, 2011) .
The originality of this paper lies in the fact that we study Belgian SMEs instead of focussing on larger firms. Beside its contribution to the academic literature on bankruptcy prediction, this paper may also be of interest to investors or managers, as it may help them to anticipate bankruptcy risks. As Altman and Hotchkiss (2005) state, distress prediction-/credit-scoring models are also helpful for banks and other credit institutions in the assessment of credit risk of firms. Thanks to such models, they could better identify firms with a higher risk of failure in their lending decisions.
Therefore, the aim of this paper is to fill such a gap in the Belgian bankruptcy prediction literature by building a one-year bankruptcy prediction model suitable for Belgian SMEs.
To this end, we constructed a multi-dimensional model with different groups of ratios: profitability, solvency, liquidity, added value and debt structure ratios. By using a sample of 7,152 SMEs, among which 3,576 were declared bankrupt between 2002 and 2012, we built a logit model to assess the probability that the firm would go bankrupt based on its financial characteristics from the previous year.
Our results showed that nearly all hypotheses are validated. Indeed, we noticed that the probability of bankruptcy was higher for firms with lower liquidity, profitability, debt structure and added value ratios, providing evidence to Keasey and McGuinness Note: The prediction accuracy is calculated using the control group (1990), Laitinen and Laitinen (2000) , Pompe and Bilderbeek (2005) and Hamza and Baghdadi (2008) . Regarding the solvency ratio (cash flow/total debt), it did not appear to be significant in our model. In comparison with others studies (cf. supra), the prediction accuracy of the model can be considered satisfactory. Our results also suggest that the smaller and younger Belgian SMEs are more likely to go bankrupt. Therefore, we recommend to these firms to closely follow-up the evolution of the key analyzed ratios.
Although the results seem to be conclusive, it could be noted that the healthy sample was not paired with the bankrupt sample, which could increase the already good prediction rate. Further research could also focus on intra-sectorial analysis and the construction or the catering sectors could be studied because, according to the descriptive statistics, firms in both sectors are more likely to go bankrupt. Another research avenue could also take into account qualitative information such as managers' characteristics, the changes in governance or the style of management.
Notes
1. In Belgium, firms with less than 100 employees are defined as SMEs.
